A popular assumption is that differentially expressed genes are good proxies for genes that are important 3 3 9
for maintaining the survival of a microbe under stressful conditions [8] [9] [10] [11] . Our validated genome-wide transcriptional, changes [40, 41] . For instance, enzymes involved in protein and carbohydrate biosynthesis [42], while S-glutathionylation serves as a major regulation mechanism when Cyanobacteria are under 3 4 6 oxidative stress conditions [43] . However, in general these mechanisms only affect a relatively small 3 4 7 number of genes, and overall there seems to be a strong correlation between transcription and protein 3 4 8 levels, especially during mid-exponential growth [44] . We thus do not believe that our findings are 3 4 9 coincidental and related to our organism or experimental setup, also because several other studies on functions, even though not all of them were validated or conducted on a genome-wide level [40, 45, 46] . It 3 5 2 seems that a poor correlation between transcriptional change and functional importance is, at least for 3 5 3 bacteria, universal. This means that transcriptomic profiling studies should be assessed carefully when 3 5 4 they are used as a predictor of genes that matter phenotypically, e.g. in genetic engineering or drug target transcriptomic data as a surrogate for functional importance [47] [48] [49] [50] [51] [52] [53] . For instance, inhibitors of [52], and gene expression datasets were used as a source for co-target identification using a random-walk 3 5 9 model based on M. tuberculosis [51] . Our results provide an important argument to search for 3 6 0 phenotypically important genes instead of differentially expressed genes in future antimicrobial 3 6 1 discovery --blocking differentially expressed genes may fail to cause a growth defect while 3 6 2 phenotypically important genes directly affect an organism's fitness. In our attempts to unify fitness and expression changes, we showed that leveraging genome-scale 3 6 4 metabolic modeling and topological analyses links both sets of genes in a cellular metabolic network. Although changes in transcription status and changes in functional importance occur on separate sets of 3 6 6 genes, our result show that these sets of genes are either in the same pathways or closely related pathways 3 6 7 that share intermediates. This pattern is consistent with the ideas of metabolic control analysis (MCA), 3 6 8 where pathway flux can be controlled by changes in either enzyme abundance or substrate concentrations 3 6 9 [39, 54] . A central result of MCA is that the relative importance of enzyme or substrate changes can vary 3 7 0 along a pathway. In our example of the shikimate pathway (Figure 5a) , the upper half of the pathway 3 7 1 (SP1371-SP1377) may be controlled by substrate abundance, while flux through the amino acid-specific branches (e.g. SP1811-SP1818) may be controlled by enzyme abundance. It is important to note that all of 3 7 3 the reversible reactions in the shikimate pathway occur before the branch point (Figure 5a) , and the (reversible) enzymes above the branch point are not differentially expressed. Reversibility allows pathway intermediates to control flux through feedback mechanisms, possibly lessening the importance of branches of the shikimate pathway, S. pneumoniae may be able to control the production of Trp separately substrate-level feedback. network. Since all of the fitness defects in the shikimate pathway occur before it branches into pathways 3 8 2 for individual amino acids, it is possible that redundancies exist that can overcome the loss of a 3 8 3 biosynthetic route for a single amino acid, but not for all three. Although there is no known alternative 3 8 4 route for aromatic amino acid synthesis outside of the shikimate pathway, the Trp-specific genes could be 3 8 5 redundant and thus some genes in the pathway could alleviate the absence of other genes and provide 3 8 6 functional redundancy. Identifying these "hidden" redundancies is a powerful benefit of overlaying 3 8 7 genome-scale phenotypic data onto mathematical models. In addition to allowing more parsimonious gene regulatory networks, separating transcriptional control from phenotypic importance may allow bacteria more flexibility to respond to new environments 3 9 0 without incurring a fitness cost. Genes that fluctuate transcriptionally are not important for sustaining shielded from large, fluctuating expression changes and are possibly controlled by feedback loops, which is a mechanism adept at retaining expression levels within tight boundaries [55] . Taken together, these features allow a bacterium to maintain a tightly controlled, robust core of essential genes while 3 9 5 simultaneously preserving metabolic flexibility. In this report, we present a transferable, systems-level approach to reconcile transcription and fitness 3 9 7 changes within a network, which serves as an important attempt to achieve a systems-level understanding of genes that change in either expression or fitness during nutrient depletion (Figure 3c) , we are striving to 4 0 0 achieve a truly holistic view by integrating additional parts of the genomic network, including energy targets with the goal to achieve a higher success rate in developing novel strategies to eradicate microbial 4 0 5
pathogens. Tn-Seq and RNA-Seq experiments were performed in three growth media that contain gradually Magellan6, which lacks transcriptional terminators therefore allows for read-through transcription and late-log phase and harvested for genomic DNA isolation. significantly differ between conditions, three requirements must be fulfilled: 1.) W i is calculated from at 4 4 0 least three data points (insertions), 2.) the difference in fitness between conditions has to be larger than on blood agar plates with selective antibiotics (for a CFU count of the knock-out strain). Fitness was 4 5 0 then calculated using the same approach as Tn-Seq by determining the ratios of the competing strains at 4 5 1 the start and end of the competition and determining the expansion of the population using CFU counts.
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Single-strain growth assays were performed in 96-well plates by taking OD 600 measurements on a Tecan The three strains were grown under each of the three growth media conditions (SDMM, CDM, and centrifugation at 4ºC, snap frozen, and stored at -80ºC for RNA isolation. Total RNA was isolated using RNA-Seq sample preparation, sequencing and expression level calculations 4 6 3 RNA-Seq cDNA libraries were generated following the RNAtag-Seq protocol as previously described 4 6 4
[59]. Briefly, 400ng of RNA was fragmented, depleted of genomic DNA using TURBO DNA-free kit 4 6 5 (Ambion), 5'-dephosphorylated, and subsequently ligated to barcoded RNA adapters at the 3'-terminus. RNA degradation, 2.) ligation to a 3'-linker, and 3.) PCR amplification using primers that target the Raw reads were demultiplexed, trimmed to 40 base pairs, and quality filtered using custom R GenomicRanges R package and differential expression was calculated using DESeq2 [61] . The three wildtype strains were grown in SDMM, CDM, and MCDM to early mid-log phase. Sample RNA was subjected to first strand cDNA synthesis using iScript reverse transcription Supermix 4 8 2 (BioRad). Quantitative PCR was performed using a BioRad MyiQ; each sample was measured in two were included for each sample. Expression levels from all samples were normalized against the 50S Poisson (gene distance distributions) or Gamma (GEO plasticity) distributions using the fitdistr function Ethics approval and consent to participate. Not applicable.
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